I. INTRODUCTION

S
EIZURE occurrence represents one of the most frequent clinical signs of central nervous system dysfunction in the newborn [6] , [21] , [30] . These disturbances of cerebral function are often associated with significant long-term sequelae such as neurological impairment, developmental delay, and postnatal epilepsy [4] - [6] , [19] , [22] , [24] . Thus, prompt recognition of neonatal seizures by nursery personnel is very important with regard to diagnosis and management of underlying neurological problems.
The development of portable electroencephalographic (EEG)/video/polygraphic monitoring techniques has allowed investigators to assess and characterize neonatal seizures at the bedside and has permitted retrospective review [10] , [24] , [26] . Automated processing and analysis of video recordings of neonatal seizures can generate novel methods for extracting quantitative information that is relevant only to the seizure. A video system based on automated analysis potentially offers several advantages. Infants who are at risk for seizures could be monitored continuously using relatively inexpensive and noninvasive video techniques that supplement direct observation by nursery personnel. This would represent a major advance in seizure surveillance and offer the possibility for earlier identification of potential neurological problems and subsequent intervention.
Video recordings of neonatal seizures are highly redundant because infants may not move excessively in their beds while seizures affect specific parts of their bodies. Thus, the extraction of quantitative motion information from videotaped seizures must focus only on the moving part of the infant's body that is affected by the seizure. This can be accomplished by two complementary procedures designed to extract temporal motion strength and motor activity signals from video recordings of neonatal seizures [12] - [15] . In principle, motor activity signals are obtained by projecting to the horizontal and vertical axes an anatomical site located on the body part affected by the seizure. The automated extraction of motor activity signals from video recordings of neonatal seizures requires a procedure that can select anatomical sites located on moving body parts and a procedure that can track the anatomical site of interest throughout the frame sequence. Motion tracking was performed in an earlier study [13] by the KLT algorithm [28] , [29] . The KLT algorithm was generally successful when used to extract motor activity signals from video recording of neonatal seizures [13] . However, in some cases, the algorithm lost anatomical sites that were located on moving body parts tracked throughout the frame sequence.
This paper presents the results of a study aimed at the automated extraction of quantitative motion information from video recordings of neonatal seizures. This study relied on optical flow computation and morphological filtering to select the initial location of anatomical sites located on the infants' moving body parts. Motor activity signals were extracted in this study by relying on adaptive block matching to track the anatomical site(s) of interest throughout the entire frame sequence.
II. EXTRACTION OF TEMPORAL MOTOR ACTIVITY SIGNALS
This long-term goal of the project described in this paper is the development of an automated system for the recognition and characterization of neonatal seizures based on their video recordings. The system under development would involve 0018-9294/$20.00 © 2005 IEEE a single video camera for each bed in the neonatal intensive care unit. Each video camera would be connected to a dedicated PC or a server for data processing and analysis. In accordance with the structure of the seizure recognition system under development, the motion tracking method proposed in this paper was developed for video recordings acquired by a single camera mounted above the infant's bed. The exact distance between the camera and the bed varied depending on the individual patient's body size, but it was within the range of 0.9-1.5 m. The infant was positioned at the center of the bed just below the camera.
The extraction of quantitative information from videotaped seizures must focus only on the moving parts of the infant's body that are relevant to the seizure [13] . Neonatal seizures are events occurring in three dimensions, but they can be quantified by sequences of 2-D projections. More specifically, neonatal seizures can be quantified by projecting the location of selected anatomical sites to the horizontal and vertical axes. As the seizure progresses in time, these projections will produce temporal signals recording motor activity of the body parts of interest. Fig. 1 illustrates the mechanism that was used for generating temporal motor activity signals tracking the movements of different parts of the infant's body during focal clonic and my
The automated extraction of quantitative motion information from video recordings of neonatal seizures requires a procedure for selecting anatomical sites located on moving body parts. Such a procedure can be developed by estimating the motion velocities of the body parts and placing the anatomical site of interest on the moving body part with the highest velocity. In this study, the selection of anatomical sites of interest relied on optical flow computation, which was used to estimate the motion velocity fields at the frames of the video recordings.
A. Quantifying Motion in Video by Optical Flow Methods
Optical flow is the term used to indicate the velocity field generated by the relative motion between an object and the camera in a sequence of frames [9] . Optical flow provides important information for analyzing motion in video. In the absence of any additional assumptions about the nature of motion, optical flow computation based on two successive frames is an ill-posed problem. A problem is called ill-posed if its solution is not unique and/or if its solution does not depend continuously on the data [1] , [16] . Optical flow computation provided recently the basis for extracting quantitative motion information from video recordings of neonatal seizures [14] , [15] . This approach to optical flow computation relied on elements of regularization theory and produced a methodology for the development of regularized optical flow computation methods based on a broad variety of smoothness constraints [15] . This methodology was used to produce new regularized optical flow methods by employing a smoothness constraint relying on spline functionals of the first and second order. For first-order spline functionals, this methodology leads to the optical flow computation method proposed by Horn and Schunck [9] . The Horn-Schunck method was employed in this work for selecting anatomical sites located on moving body parts.
B. Selecting Anatomical Sites Based on Motion Velocity Fields
The velocity fields produced by optical flow computation provide an estimate of motion in a sequence of frames. The areas of the video frames that contain moving body parts were segmented in this study by thresholding the magnitudes of the velocity vectors. This process produced velocity patches, which are composed of the pixels with motion velocities above a certain threshold. The frames produced by this segmentation process still contained spurious patches (i.e., small groups of pixels assigned high-velocity values by optical flow computation). The reduction of such spurious patches was attempted by relying on mathematical morphology [8] , [20] . More specifically, spurious patches were reduced by employing the OPENING and CLOSING morphological operations. The OPENING of an object by a structuring element , denoted as , is the erosion of by followed by the dilation of the result by . In mathematical terms, , where and denote the erosion and dilation of the object by the structuring element , respectively. The CLOSING of an object by a structuring element , denoted as , is the dilation of by followed by the erosion of the result by . In mathematical terms, .
OPENING smoothes the contour of an object and breaks narrow bridges. CLOSING also smoothes the contour of an object. However, in contrast with OPENING, CLOSING fuses narrow breaks, eliminates small holes, and fills gaps in the contour. In this study, each segmented frame was operated first by the OPENING morphological operator followed by the CLOSING morphological operator. Both operators employed the same structuring element, which was selected to be a circle within a 5 5 square window. The initial location of the anatomical site selected for tracking was determined as 1) the center of the velocity patch with the largest area, and 2) the center of the velocity patch with the maximum average velocity. However, the tracking algorithm failed occasionally to track the anatomical sites selected according to both aforementioned schemes; this is because these schemes have the tendency to place the initial anatomical site in homogeneous areas of the moving body parts. The experiments indicated that tracking a site lying in a homogeneous area of the moving body part is a much more challenging task than tracking a site located in an area rich in texture, such as an area closer to the edges. Thus, the selection of an anatomical site for tracking can benefit from the results of a texture analysis performed for the region around the initial site location. In this study, texture analysis was performed for a window of size 5 5 centered at the initial site location. Texture analysis relied on the concept of the entropy, which was defined in terms of the co-occurrence matrix as described below [17] .
Let be the intensity level at the location of the frame , which is displaced by between frames and
. If the intensities of the pixel take values between 0 and , then the entry of the co-occurrence matrix is defined as the number of pixels for which and , with . The co-occurrence matrix is typically computed by selecting . The entropy is obtained for each pixel of interest by computing the co-occurrence matrix over a processing window of size . The entropy at a pixel of interest is defined as (1) where . According to its definition, the entropy takes its lowest values when computed in homogeneous areas of the frame. The entropy in (1) attains its highest values when computed in textured areas of the frame. In this study, the size of the processing window was 15 15. The feature selected for tracking was located at the point of the 5 5 window corresponding to the largest entropy value.
C. Selecting Anatomical Sites for Multiple Moving Body Parts
The proposed procedure was developed to perform tracking of multiple anatomical sites located on moving body parts. This tracking is necessary because neonatal seizures are frequently associated with motion of multiple extremities. Optical flow computation consistently identified anatomical sites located on moving body parts. However, in some cases, different velocity patches produced by optical flow computation were actually located on the same body part, which, thus, resulted in redundant tracking. This problem was overcome by systematically eliminating overlapping velocity patches by a labeling procedure identified in all subsequent frames, so that only patches representing anatomical sites located on different body parts were retained.
IV. EXTRACTION OF MOTOR ACTIVITY SIGNALS FROM VIDEO BASED ON ADAPTIVE BLOCK MATCHING
This section presents a brief review of block matching and outlines the adaptive block matching methods employed in this study to track selected anatomical sites throughout the entire frame sequence.
A. Motion Tracking Based on Block Matching
Block matching is a popular correlation-based approach to motion estimation [11] and tracking [25] , [27] . Block matching relies on the assumption that a block of pixels remains constant over time and motion [11] . This assumption is valid only if the frame rate is sufficiently high. The site to be tracked is typically defined as the center of a square block of pixels (e.g., 11 11, 15 15) , which is termed the reference block. The reference block is tracked by searching for the most similar block in subsequent frames according to some similarity measure (see Fig. 2 ). The search is typically constrained to a search window, which has to be appropriately chosen. A large search window allows accurate tracking of rapid movements that could be lost if the search window was smaller. However, a very large window also increases the likelihood of a mismatch. Moreover, increasing the size of the search window increases considerably the computational effort associated with block matching.
B. Adaptive Block Matching Methods
The reference block, to which the block of pixels is matched, has to be updated to take into consideration the changes in the appearance of the target. Such an extension of block matching is often referred to as adaptive block matching. According to the adaptive block matching method, the reference block is tracked by searching for the most similar block in subsequent frames according to some similarity measure, such as the mean square error used in this study. Tracking of the reference block requires the adoption of a strategy to be used for updating the reference block throughout the frame sequence. The update strategies employed in this experimental study are described as follows [25] .
1) Single-Frame Update Strategy:
The single-frame strategy is the simplest update strategy that can be employed for adaptive block matching. According to this strategy, the reference block is replaced after every frames by the block of pixels at the current tracking position. If , the reference block is updated after every frame. On the other hand, the reference block is never replaced if
. If the reference block is updated too often, then the site tracked may be lost because of the accumulation of errors due to camera jitter. If the reference block is not updated often enough, the site tracked may be lost again because the site tracked can change with time to a degree that no good match exists between the site and the reference block.
2) Multiframe Update Strategy: The multiframe update strategy searches for the best match in the current frame (say the th frame) based on reference blocks, with . The reference blocks employed by this update strategy are the best matching blocks found in the previous frames. Let be a candidate block of pixels in the current frame, and let be the best matching block in the th frame. According to the multiframe update strategy, the best match in the current frame is determined based on the following similarity measure: (2) where measures the similarity between and and are real weights. The weights can be determined to ensure that the search for the best match in the current frame is influenced more intensely by the best matching blocks found in the most recent frames. Such a scheme can be realized by setting , with , and by computing so that (3) 3) Finite Impulse Response (FIR) Filtering Update Strategy: The FIR filtering update strategy searches for the best match in the current frame based on a reference block obtained as a linear combination of the best matching blocks in the previous frames. According to this update strategy, the reference block for the th frame is obtained as (4) where is the best matching block in the th frame and are real coefficients. The name of this update strategy underlines the resemblance of (4) to a linear FIR filter. If , and , then the update strategy based on (4) reduces to the single-frame strategy described above. In general, the coefficients can be selected to be decreasing functions of to ensure that the reference block resembles the best matching blocks in the most recent frames. The use of (4) ensures that the reference block adapts to the changing appearance of the site tracked, which makes this update strategy capable of tracking the features throughout the given frame sequence. On the other hand, the weighted averaging involved in (4) tends to cancel the noise that might be present in the best matching blocks, which makes this update strategy resistant to noise.
4) Kalman Filtering Update Strategy:
Kalman filtering addresses the general problem of estimating the state of a discrete-time controlled process that is governed by the linear stochastic difference equation [2] , [3] (5) with a measurement generated by (6) In (5), the matrix relates the state at the previous time step to the state at the current step , whereas the matrix relates the optional control input to the state . In (6), the matrix relates the state to the measurement at a given step . The random variables and represent the process and measurement noise, respectively. It is assumed that and are independent, white, and Gaussian. Let be the a priori state estimate at step given knowledge of the process before step , and let be the a posteriori estimate at step given measurement . The a priori estimate can be updated as
The a posteriori estimate can be obtained in terms of through the update equation (8) where is called the measurement innovation or the residual and is the Kalman gain. Under certain assumptions, the Kalman gain at a given step can be calculated as [2] , [3] (9) where is the measurement error covariance matrix. Kalman filtering can be used in adaptive block matching because it can estimate the reference block at frame for the best-matching block in the previous frame. If the motion of the block between two adjacent frames can be modeled by pure translation, the state transition matrix is the identity matrix, i.e., . According to this formulation, the reference block for the th frame can be obtained as (10) where is the reference block at frame . For , (9) indicates that the Kalman gain matrix for the th frame can be calculated as (11) where is proportional to the identity. The a priori covariance matrix is defined for the th frame as , where
. The a priori covariance matrix can be updated at step as (12) where is the a posteriori covariance matrix at step and is the process noise covariance. The a posteriori covariance matrix is then updated as . 
V. EXPERIMENTAL RESULTS
This section presents some results of an experimental study, which relied on a large database containing a broad variety of neonatal seizures. This database, which was developed by the Clinical Research Centers for Neonatal Seizures (CRCNS), contains video/EEG/polygraphic recordings of several hundred individual seizures, which have been characterized and classified by a team of physicians in terms of their electrographic and behavioral features [23] . The CRCNS database contains simultaneous EEG and analog video recordings on a split screen. The camera was a Javelin Electronics "Chromachip," model JE3362, with a National TV zoom lens -. A fixed zoom setting was used in the acquisition of the individual video recordings, which guarantees that the spatial resolution remained constant throughout each video recording. The analog video recordings were digitized using a PXC200A frame grabber. The temporal sampling rate was 30 frames/second, which is considered high enough to capture sudden and rapid motion. The digitized frames were of spatial resolution 352 240 pixels. After the elimination of the EEG recordings, the video recordings produced sequences of frames of size 203 240 pixels. No compression of any form was used at any stage of data acquisition and processing. Although this increased considerably the storage hardware required for this study, this choice was deemed necessary to ensure that the results of the experiments were not affected by data distortion due to a lossy compression scheme. The performance of the feature trackers tested in the experiments is summarized in Tables I-III, which show the root-mean-square (RMS) error values obtained for video recordings of myoclonic seizures, focal clonic seizures, and random infant movements. The reference signals were obtained by manually tracking the anatomical sites located on moving body parts. The RMS error values represent the distance in pixels between the anatomical site tracked by the motion trackers tested in the experiments and that tracked manually every five frames for the entire frame sequence. Figs. 3-5 show the motor activity signals produced in some of the experiments summarized in Tables I-III. The locations of the moving body parts during the clinical event are shown in the first frame of each video recording that contains detectable motion. These frames are shown in Figs. 3(a), 4(a) , and 5(a) together with the velocity patches obtained after the application of the morphological operators. The moving body part in each video recording is shown within a box. The motor activity signals produced by the motion trackers tested in the experiments can be evaluated based on the coordinates of the anatomical site that was manually tracked throughout the entire frame sequence, which are shown in Figs. 3-5 as markers.
A. Evaluation of Update Strategies
The first set of experiments evaluated the performance of motion trackers relying on adaptive block matching when the reference frame was updated by the single-frame, multiframe, FIR filtering, and Kalman filtering update strategies. Adaptive block matching was tested with a reference block of . This update strategy produced the best results for . The multiframe update strategy was used in the experiments with and . The update strategy that relied on FIR filtering was tested using and the same set of weights used in the multiframe strategy. Table I summarizes the results produced by adaptive block matching for 24 video recordings from the CRCNS database. The outcome of this experimental study indicated that the performance of adaptive block matching depends rather strongly on the update strategy employed for the reference block. According to Table I, the highest RMS error values were produced when adaptive block matching relied on the single-frame update strategy. The performance of adaptive block matching improved in most cases when the single-frame update strategy was replaced by the multiframe or the FIR filtering update strategies. The computational overhead associated with FIR filtering was compensated by the performance gain realized in most cases when this update strategy replaced the multiframe update strategy. With few exceptions, the best performance was achieved when adaptive block matching relied on Kalman filtering for updates of the reference block. The interpretation of the RMS error values shown in Table I can be facilitated by Figs. 3-5 , which show the motor activity signals produced by the motion trackers mentioned above for three of the video recordings involved in this experimental study.
In the myoclonic seizure shown in Fig. 3 , the infant's left hand is moving to the left and then toward the right of the frame between frames 140 and 180 (Fig. 3 shows only frame 142) . The same movement was also observed between frames 190 and 230, but the amplitude of motion in this time interval was higher. This movement was captured by the temporal motor activity signal obtained as the projection of the moving body part to the horizontal axis. The motor activity signal obtained as the projection of the moving body part to the vertical axis indicates that the left hand is also moving toward the top of the frame. Manual tracking of motion in this video recording indicated that the temporal motor activity signals shown in Fig. 3 constitute a satisfactory representation of the actual motor activity along the vertical direction. According to Fig. 3 , there are some significant differences between the motor activity signals produced by adaptive block matching when it relied on various update strategies. Manual tracking revealed that the infant's left hand is moving to the left, then to the right, and again back to the left of the frame in the time interval between frames 140 and 230. The motion between frames 190 and 220 was captured and quantified by adaptive block matching when the reference block was updated using Kalman filtering. However, adaptive block matching failed to track the infant's left hand between frames 190 and 220 when it relied on the other three strategies for updates of the reference block. Fig. 4 shows the temporal motor activity signals produced for a focal clonic seizure affecting the infant's left leg. For this seizure, the single-frame and multiframe update strategies failed to track the feature after frame 23. This is apparent by comparing the motor activity signals shown in Fig. 4(b) and (c) with the coordinate markers produced by manual tracking. The failure of these two update strategies is also consistent with the corresponding RMS error values shown in Table I . Although the update strategy that relied on FIR filtering captured the rhythmicity of motion along the horizontal direction, the amplitude of the signal shown in Fig. 4(d) was not consistent with that observed in the video recording. Moreover, FIR filtering failed to track the infant's left leg along the vertical direction as indicated by the signal shown in Fig. 4(d) . According to Fig. 4(e) , Kalman filtering exhibited the best performance among all four update strategies tested in the experiments. Manual tracking of motion in this video recording indicated that the update strategy relying on Kalman filtering produced motor activity signals that constitute an accurate representation of the actual motor activity observed in the video recording. These signals describe the rhythmic motion of the infant's left leg along the vertical direction and, to a lesser degree, along the horizontal direction. Fig. 5 shows the temporal motor activity signals produced for a random movement of the infant's left hand. The single-frame and multiframe update strategies failed to track the moving body part throughout the frame sequence. The FIR and Kalman filtering update strategies produced similar motor activity signals for this event as indicated by comparing Fig. 5(d)  and (e) . However, comparison of the motor activity signals shown in Fig. 5(d) and (e) indicates that Kalman filtering was more successful in tracking the motion of the infant's left hand along the vertical direction. Fig. 5(d) and (e) also reveals some important differences between the motor activity signals produced by random movements of the infant's extremities and movements associated with myoclonic seizures. The motor activity signals produced for random movements are typically composed of "bell-shaped" segments. Such segments are consistent with the fact that random movements are typically smoother and slower than those associated with myoclonic seizures.
B. Realization of Adaptive Block Matching
This set of experiments investigated how the performance of adaptive block matching is affected by the sizes of the reference block and the search window. Table II shows the RMS error values obtained from the motor activity signals produced by adaptive block matching for a myoclonic seizure affecting the infant's left foot. Adaptive block matching was tested with reference blocks of sizes 7 7, 11 11, 15 15, and 21 21. The size of the search window varied from 25 25 to 100 100. In all of these experiments, adaptive block matching relied on Kalman filtering for updates of the reference block. For a reference block of a fixed size, the RMS error values decreased as the size of the search window increased; this is because increasing the search window size increases the likelihood that it contains the target block. However, increasing the size of the search window above a certain threshold also increases the likelihood of mismatch; this explains the increase of the RMS error values observed as the size of the search window increased above a certain threshold. Similarly, the RMS error values decreased as the size of the reference block increased when adaptive block matching was tested with a fixed search window size; this is because increasing the size of the reference block enhances its uniqueness and, thus, reduces the likelihood of mismatch. However, increasing the size of the reference block above a certain threshold also increases the likelihood that the target block is not contained in its entirety by the search window; this is reflected by the increase of the RMS error values observed as the size of the reference block increased above a certain threshold. According to Table II, the highest RMS error values were obtained when adaptive block matching was tested with a search window of size 25 25 and reference blocks of various sizes. High RMS error values were also obtained when adaptive block matching was tested with a reference block of size 7 7 and search windows of various sizes. The lowest RMS error value was obtained for a reference block of size 11 11 and a search window of size 75 75. The second lowest value of the RMS error was obtained when adaptive block matching was tested with a reference block of size 15 15 and a search window of size 50 50. This latter combination was found to be computationally less demanding. Thus, it was selected for the realization of adaptive block matching employed for the rest of this experimental study.
C. Evaluation of Adaptive Block Matching
This set of experiments evaluated adaptive block matching and compared its performance with that of block motion estimation, which is the displacement estimation method employed by the KLT algorithm [28] , [29] . Adaptive block matching was tested with a 15 15 reference block and a search window of size 50 50. Adaptive block matching relied on Kalman filtering for updates of the reference block. Table III summarizes the results obtained in the experiments for 24 video recordings. According to Table III, the motion tracker based on displacement estimation failed occasionally to track the anatomical site of interest, a fact that is reflected by relatively high values of the RMS error. Displacement estimation was often outperformed by adaptive block matching, which produced considerably lower values of the RMS error. In the few cases in which displacement estimation outperformed adaptive block matching, the differences between the RMS error values were less significant. Fig. 6 describes the process of selecting anatomical sites for tracking in the video recording of a focal clonic seizure affecting multiple body parts. Fig. 6(a)-(c) describes the selection of the site located on the infant's right hand, which begins moving at frame 30. Fig. 6(a) shows the white velocity patches, which were obtained based on the motion velocity fields produced by the Horn-Schunck method. These patches contain the areas of the frame that were assigned motion velocity vectors of magnitude greater than a threshold. Fig. 6(b) shows the velocity patches obtained after the application of the morphological operators. In this particular case, the morphological operators eliminated one of the two patches, which also happened to have the most irregular shape. Fig. 6(c) shows the anatomical site located on the infant's right hand, which was selected for tracking by adaptive block matching. Fig. 6(d) -(f) describes the process of selecting an anatomical site located on the infant's right leg. Fig. 6(d) and (e) shows the velocity patches before and after the application of the morphological operators, respectively, whereas Fig. 6(f) shows the site on the right leg selected for tracking at frame 34. Fig. 6 (f) also shows the site located on the infant's right hand, which was tracked by adaptive block matching between frames 30 and 34. Note that this site moved to a location on the infant's right hand that is closer to the boundary between the hand and the background. Finally, Fig. 6(g)-( i) describes the process of selecting an anatomical site located on the infant's left hand. Fig. 6(i) shows all three sites that were selected for tracking by the proposed automated procedure. Fig. 7 shows the temporal motor activity signals produced by the proposed automated procedure for a focal clonic seizure affecting multiple body parts. Adaptive block matching relied on Kalman filtering for updates of the reference block. Fig. 7(a) shows the location of the three anatomical sites tracked by adaptive block matching at three selected frames of the sequence. Fig. 7(b) shows the anatomical site selected for tracking at frame 30 of the sequence. Fig. 7(c) shows the temporal motor activity signals produced by tracking the anatomical site located on the infant's right hand. The motor activity signals shown in Fig. 7(c) constitute a satisfactory representation of the actual motion as indicated by the coordinate markers produced by manual tracking of this anatomical site. At frame 34, the automated procedure also selected an anatomical site located on the infant's right leg. Fig. 7(d) shows the two anatomical sites tracked at frame 34, whereas Fig. 7(e) shows the motor activity signal produced by tracking the site located on the infant's right leg. The motor activity signal shown in Fig. 7 (e) captured the rhythmicity of motion in the time interval between frames 0 and 140. However, adaptive block matching did not track the motion between frames 140 and 180, as indicated by the flat segment shown for this time interval in Fig. 7(e) . The signal captured the rhythmicity of motion along the vertical direction. However, Fig. 7 (e) indicates that there was some error between the estimated and the actual trajectory of the anatomical site located on the infant's right leg. Fig. 7(f) shows the new anatomical site selected for tracking at frame 35 together with the other two sites already tracked by adaptive block matching. Fig. 7(g) shows the motor activity signal produced by tracking the anatomical site located on the infant's left hand. According to Fig. 7(g) , adaptive block matching captured the rhythmicity of motion of the infant's left hand. However, this method underestimated the amplitude of the infant's movements, which is apparent by comparing the motor activity signals shown in Fig. 7(g) with the coordinate markers produced by manual tracking. Overall, Fig. 7 indicates that tracking of the three anatomical sites throughout the frame sequence produced "saw-tooth-like" motor activity signals. This experimental outcome reveals the rhythmicity of the movements of the three body parts affected by this focal clonic seizure.
D. Automated Tracking of Multiple Body Parts
VI. CONCLUSIONS
This paper introduced an automated procedure for the extraction of temporal motor activity signals from video recordings of neonatal seizures. This procedure employs an optical flow computation technique developed to select anatomical sites of interest located on moving body parts and a tracking method based on adaptive block matching. The proposed procedure was used to extract temporal motor activity signals from a database of video recordings of myoclonic seizures, focal clonic seizures, and random infant movements not associated with seizures. This paper showed that adaptive block matching can be used to extract motor activity signals from video recordings of neonatal seizures. The outcome of this experimental study indicated that the performance of adaptive block matching depends rather strongly on the update strategy employed for the reference block. More specifically, the update strategy that relied on FIR filtering outperformed both the multiframe and the single-frame update strategies. On the other hand, the multiframe update strategy performed better than the single-frame update strategy. Although the multiframe and FIR filtering update strategies are more effective than the single-frame strategy, they incur higher computational and memory cost. The use of Kalman filtering in this application is not computationally demanding because this method relies on a single update equation for the reference block. Another advantage of this method is its reliance on a recursive update scheme, which makes it flexible and easy to implement. Finally, the experiments indicated that Kalman filtering was the most reliable among the update strategies employed in this study for block matching.
Adaptive block matching was also compared with the displacement estimation method employed by the KLT algorithm. This method estimates the displacement of a block of pixels between successive video frames by relying on a block motion model involving pure translation. This comparison indicated that adaptive block matching was more accurate and reliable than displacement estimation. Nevertheless, the outcome of these experiments indicates that the reliability and accuracy of automated motion tracking can be improved by combining displacement estimation and adaptive block matching. Such a motion tracking scheme would rely on displacement estimation to initialize the search for the best matching block in the next frame, which would be performed by adaptive block matching.
The data available for this project were recorded by a single camera. As a result, the proposed method would be capable of tracking motion that takes place in the 2-D plane that includes the infant's bed. Since the videotaped clinical events take place in three dimensions, the proposed method may not be able to track movements of the infant's extremities toward or away from the camera unless certain precautions are taken during data acquisition. More specifically, the method proposed to extract motor activity signals would capture and quantify only quantifiable motion, that is, the part of the movement that did not follow a trajectory exactly perpendicular to the camera. A review of the CRCNS database indicated that all clinical events contained quantifiable motion. In fact, the recording of quantifiable motion can be guaranteed by calibrating the distance between the bed and the camera and by positioning the infant in such a way that there is a nonzero angle between the camera and the infants' extremities. Establishing a protocol for infant placement provides a simple and inexpensive alternative to the utilization of multiple cameras, a choice that would increase the cost of the video recognition and characterization system under development.
The effectiveness of the automated procedure described in this paper becomes clear by observing the motor activity signals produced for a focal clonic seizure affecting multiple body parts. Such seizures are not uncommon in clinical settings and present a real challenge to the development of automated procedures for quantifying motion in their video recordings. Note that the automated procedure described in this paper selected good anatomical sites on the moving body parts and was successful in tracking these sites throughout the frame sequences. The outcome of this experimental study revealed the potential of the proposed procedure as a computational tool in the development of an automated system for seizure recognition and characterization, which is the long-term goal of this study.
